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Abstract— Conventional layered planning architecture tem-
porally partitions the spatiotemporal motion planning by the
path and speed, which is not suitable for lane change and
overtaking scenarios with moving obstacles. In this paper,
we propose to spatially partition the motion planning by
longitudinal and lateral motions along the rough reference
path in the Frenét Frame, which makes it possible to create
linearized safety constraints for each layer in a variety of on-
road driving scenarios. A generic environmental representation
methodology is proposed with three topological elements and
corresponding longitudinal constraints to compose all driving
scenarios mentioned in this paper according to the overlap
between the potential path of the autonomous vehicle and
predicted path of other road users. Planners combining A*
search and quadratic programming (QP) are designed to plan
both rough long-term longitudinal motions and short-term
trajectories to exploit the advantages of both search-based and
optimization-based methods. Limits of vehicle kinematics and
dynamics are considered in the planners to handle extreme
cases. Simulation results show that the proposed framework
can plan collision-free motions with high driving quality under
complicated scenarios and emergency situations.

I. INTRODUCTION

Motion planning is one of the most challenging areas in

autonomous driving, which should comprehensively consider

the following factors:

1) driving qualities such as comfort and time-efficiency;

2) soft traffic rules such as speed limit and lane keeping;

3) hard traffic rules such stop sign and traffic signal;

4) avoiding collisions with all obstacles;

5) vehicle kinematics feasibility such as path curvature;

6) vehicle dynamics feasibility such as tire friction circle

and engine traction limits.

For on-road driving in urban areas or on highway, the planner

need to optimize 1) and 2), and guarantee 3) to 6) in a

variety of driving scenarios with different types of roadway

geometries and various kinds of road participants as moving

obstacles.

There has been a considerable amount of research ef-

forts devoted to motion planning of autonomous vehicles

[1][2][3]. Some of the work were focused on designing a

planner in a spatiotemporal framework. For example, a state-

lattice-based spatiotemporal representation and search algo-

rithm was proposed in [4] for motion planning of highway

1W. Zhan, J. Chen, C. Liu and M. Tomizuka are with the Depart-

ment of Mechanical Engineering, University of California, Berkeley, CA

94720 USA (e-mail: wzhan, jianyuchen, changliuliu,

tomizuka@berkeley.edu).
2C. Chan are with California PATH, University of California Berkeley,

CA 94804 (e-mail:cychan@berkeley.edu).

Fig. 1: The path of the host vehicle (red car) does not depend on
the speed profile in: (a) scenarios with static obstacles (blue car)
and moving obstacles crossing the path (pedestrian, green car), and
(b) scenarios with merging obstacles (purple car in roundabout and
green car at T-intersection). The path depends on the speed profile
for (c) lane change or overtaking scenarios with moving obstacles
(all other cars).

driving. A trajectory planner based on a single spatiotem-

poral optimization was proposed in [5]. The approach was

applicable to various kinds of scenarios, but it still needed

an ad hoc process for specific situations. The initial value

of the numerical optimization significantly affected the final

result due to the existence of local optima. Also, the runtime

was not desirable for time-critical replanning.

It is computationally intractable to include all factors in 1)-

6) precisely in a single spatiotemporal framework to handle

various kinds of scenarios. For search-based methods, waste-

ful explorations exist in the search space of trajectories. For

optimization-based approaches, the complicated expressions

of feasibility and safety constraints result in undesirable run-

time. Therefore, a layered planning architecture temporally

partitions the spatiotemporal planning by the path and speed

profile planning, which significantly reduces computational

complexity.

An elastic-band-based path planner and a speed-constraint-

based temporal planner were proposed in [6] to generate

trajectories in complicated scenarios for urban driving. Mul-

tiple on-road driving scenarios were handled in [7] by in-

terpolating piecewise-linear paths with quintic Bézier curve,
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and designing a velocity planner based on model predictive

control. A driving strategy planning method via A* search

was proposed in [8] by providing a long-term rough speed

profile on a predefined lane. The predefined lane acted as the

planned path and [8] essentially followed the conventional

temporally-partitioned architecture.

Temporally-partitioned architecture is suitable for scenar-

ios in Fig. 1 (a) and (b), in which path and speed profile

can be well decoupled. However, for scenarios in Fig. 1

(c), the temporally-partitioned architecture is not applicable.

Normally, scenarios in Fig. 1 (a), (b) and (c) may appear

simultaneously in one planning horizon for on-road driving,

thus our primary motivation is as follows:

Motivation 1: propose a novel planning architecture in-

stead of the temporally-partitioned one, to handle on-road

driving scenarios which include, but are not limited to

scenarios in Fig. 1.

The combinatorial aspect of planning was considered in

[9] based on the planner in [5]. Difficulties still existed

in generating generic constraints. A behavioral planner was

proposed in [10] with spatiotemporal candidate strategies and

reaction prediction of surroundings. Adaptive cruise control

and lateral control were required to achieve the desirable

strategy. Safety constraints was only in the behavioral strat-

egy level, and the final trajectory generated by the controllers

may be unsafe in highly constrained environments. Thus our

second motivation is:

Motivation 2: create generic environmental representation

for each planning layer to generate safety constraints so that

the final trajectory is guaranteed to be collision-free.

Besides the normal scenarios in Fig. 1, extreme scenarios

may exist to push the autonomous vehicles to the boundaries

of the vehicle kinematics and dynamics. A planner was

proposed in [11] for highly constrained environments such

as narrow roads with sharp turns. Planners for emergency

maneuvers were designed in [12] and [13]. These planners

targeted at desirable performance for specific extreme sce-

narios, but lack the portability for normal on-road driving

scenarios. Extreme scenarios may appear simultaneously

with normal ones, thus our third motivation is:

Motivation 3: include factors in 5) and 6) in the planning

framework to deal with situations pushing the vehicle to the

kinematics boundary such as U-turn, or dynamics boundary

such as emergency maneuvers.

To the best of our knowledge, this work is the first

to propose spatially-partitioned environmental representation

and planning architecture, which are generic for all types

of aforementioned on-road driving scenarios (see in Fig. 1).

The planning framework comprehensively takes into account

factors 1) to 6), which can also deal with extreme cases with

guaranteed safety and feasibility.

The remainder of the paper is organized as follows.

Section II provides the architecture of the proposed planning

framework and Section III discusses generic representation

of the environment for a variety of scenarios; the generic

planning framework based on the proposed environmental

representation is discussed in Section IV; simulation results

are provided in Section V; and Section VI concludes the

paper.

II. OVERVIEW OF THE ARCHITECTURE

The motion planning module is presented in Fig. 2 from

the viewpoint of the overall system architecture. The motion

planning module receives the traffic-free reference path and

desirable speed from the routing and reference planning

module, as well as the driving task from the task planning

module. At the final stage, the motion planning module

outputs a trajectory satisfying factors 1)-6) described in

Section I for the control module to execute. The perception

and localization module provides the necessary inputs to all

three stages of planning and control.

Fig. 2: Overview of the architecture

The processing of the routing and reference planning

module can be completed partially offline, and will be

further discussed in Section III-A. The task planning module

determines the combinatorial aspect of planning in long term,

such as following or overtaking a bicyclist, changing or

keeping the lane, etc. Receiving a driving task does not mean

that the final decision has been made. The task planning

module may compare the costs of potential choices and

select the best choice to execute, or plan ambiguous next-

step motions with several potential decisions according to

the intention probabilities of other road participants [14].

This paper is focused on the design of the motion planning

module. Instead of adopting the temporally-partitioned ar-

chitecture, we propose a novel spatially-partitioned planning

architecture since the information associated with the tempo-

ral dimension is extremely important for any potential layer

to deal with moving obstacles. Due to the nonholonomic

motion constraints of the vehicle, longitudinal motion plays

a more significant role than the lateral motion given the

reference. Longitudinal constraints are often associated with

higher priority, such as traffic signal, stop sign, car following,

speed limit, turning speed on curvy road, yielding those

who hold the right-of-way, etc. Also, when lane change and

overtaking scenarios with moving obstacles (shown in Fig.

1 (c)) are involved, longitudinal motion is more influential

in deciding the trajectory.

Therefore, we propose to spatially partition the spatiotem-

poral planning by the longitudinal and lateral motions along

the reference. Such architecture also makes it possible to
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linearize the safety constraints for each layer. We suggest that

the planning framework should first plan long-term (at least

10 s) rough longitudinal motions according to the driving

task and longitudinal constraints on safety and feasibility.

Given the rough longitudinal motions, the rough short-term

lateral motions are determined and smooth trajectories are

further planned by considering both lateral and longitudinal

constraints on safety and feasibility.

III. GENERIC ENVIRONMENTAL REPRESENTATION

In order to design a generic motion planning framework,

we need a simplified and general representation of the

environment to represent the longitudinal constraints for the

long-term longitudinal motion planning. The methodology of

generic environmental representation is proposed in this sec-

tion, which is applicable for all types of scenarios mentioned

in Section I. .

A. Representation in Frenét Frame

The lane centerline is a baseline as the traffic-free ref-

erence path (refer to [15] for comfortable and human-

like improvement). A Frenét Frame can be defined on the

reference path (shown in Fig. 3), in which the motion in

Cartesian coordinates (x (t) , y (t)) can be represented with

the longitudinal position along the path s (t), and lateral

deviation to the path d (t).

Fig. 3: Representation within Frenét Frame

Note that when changing the lanes, the reference path is

switched. In order to keep the scale consistency of s (t), a

pseudo path is created on the target lane at the current time

step for the horizon if a lane-change task is received (as

shown in Fig. 3). The real reference path starts at the point

where the lane change should be completed, and the decision

on when to start and complete the lane change is left to the

motion planning module.

Suppose vlimit (s) is the speed limit introduced by traffic

law, and κ (s) is the curvature of the reference path in

cartesian coordinate. The desirable speed vd can be written

as vd (s) = min

{
vlimit (s) ,

√
ades

lat /κ (s)

}
, where ades

lat is the

desirable lateral acceleration.

B. Boundaries and indicators

To guarantee safety, an autonomous vehicle needs to create

the longitudinal boundaries at each time step for longitudinal

motion planning. There are three categories of the boundaries

according to the topological overlap of the reference path and

the prediction of the obstacles.

Suppose si (t) is the predicted longitudinal position (along

the reference path of the host vehicle) of the i-th obstacle

(can also be a stop bar for stop sign or traffic signal) which

may affect the trajectory of the host vehicle. v (t) and vi (t)
are the speeds of the host vehicle and the i-th obstacle

along the reference path, respectively. Then the safety factors

can be represented by the following boundaries, as well as

activeness indicators.

An obstacle can generate two kinds of boundaries. One

is front bound blocking the host vehicle, which is written

as fi (s (t) , v (t) , si (t) , vi (t)) ≤ 0; The other is rear

bound forcing the host vehicle to pass, which is written as

gi (s (t) , v (t) , si (t) , vi (t)) ≤ 0. More explanations on the

boundaries can be found in Section III-C.

The change of the lateral positions of the host vehicle

and obstacles can make the aforementioned longitudinal

boundaries ineffective. Also, when lane change or overtaking

is completed, the original target vehicle will be hehind the

host vehicle and the rear bound is no longer considered.

Moreover, after a full stop near the stop sign, the boundary

created by the stop bar can be discarded if the intersection is

clear. Therefore, an indicator function is needed to indicate

the activeness of the boundary. The boundaries of each

obstacle have corresponding indicator functions Iact
fi (t) and

Iact
gi (t), indicating whether the boundary is active, potentially

active or inactive at each time step.

The active range of the boundary fi or gi can be written

as
[
ts
fi, t

e
fi

]
or

[
ts
gi, t

e
gi

]
with start and ending time. If an

obstacle only creates one boundary, it can be written as

[ts
i, t

e
i].

C. Topological elements

Given the reference path and motion prediction of the

obstacles (including traffic signal phase, stop sign, static and

moving obstacles), the topological relationship between the

potential paths of the host vehicle and the predicted path of

the obstacle can be decomposed to three basic topological

elements (shown in Fig. 4).

Fig. 4: Topological elements to represent the relationship of the
potential path of the host autonomous vehicle (red solid lines) and
predicted path of the obstacles (blue dashed lines).

(a) Point-overlap corresponds to scenarios with crossing

traffic (see scenarios in Fig. 1 (a) as examples), traffic signal

or stop sign. When the prediction of the i-th obstacle crosses

the reference path, it forms a front bound or a rear bound,

that is,

fi (t) = s (t) +Δs− si (t) ≤ 0, (1)

gi (t) = si (t) +Δs− s (t) ≤ 0, (2)

where Δs is a safe margin containing the geometry of the

obstacle. The active range of the boundary can be obtained

from prediction of crossing traffic occupying the reference

path, or the red-light phase of traffic signal. For motions at a
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stop sign, the boundary is not inactive until a full stop v = 0
appears in a position range before the stop bar.

(b) Line-overlap corresponds to scenarios of merging and

car following (see scenarios in Fig. 1 (b) as examples),

including mergings at roundabout, highway ramp, intersec-

tions, etc. These scenarios have fixed merging or demerging

point, which forms a line-overlap between the prediction and

reference path.

If the obstacle is the front obstacle to follow, then it is a

front bound

fi (t) = s (t) +
v (t)

2

2
∣∣∣amin

long

∣∣∣ +Δs− si (t)−
vi (t)

2

2
∣∣amin

i

∣∣ ≤ 0, (3)

where amin

long and amin

i are the maximum deceleration of the

host vehicle and the i-th obstacle, respectively. The active

range starts when the obstacle reaches the fixed merging

point, and ends when it reaches the fixed demerging point.

If the obstacle follows the host vehicle, then it is a rear

bound

gi (t) = si (t) +
vi (t)

2

2
∣∣amin

i

∣∣ +Δs− s (t)−
v (t)2

2
∣∣∣amin

long

∣∣∣ ≤ 0, (4)

The active range starts when the host vehicle reaches the

fixed merging point, and ends after a specific time range

when the obstacle is regarded as a vehicle to follow the host.

(c) Undecided-overlap corresponds to lane change and

overtaking scenarios with moving obstacles (see scenarios

in Fig. 1 (c) as examples). These scenarios do not have fixed

merging or demerging point since the desirable path depends

on the speed profile. It is undecided where the overlap of the

prediction and the reference path starts or end.

For obstacles to follow on the original lane or the target

lane, (3) can be used as a potentially active boundary. When

the host vehicle leaves the original lane and reaches the target

lane, the boundary corresponds to the obstacle to follow on

the original lane is inactive and that of the target lane is

active.

When the host vehicle plans to cut in front of an obstacle,

(4) can be used as a potentially active boundary. When the

host vehicle reaches the target lane, the boundary becomes

active. Then the boundary is inactive when the obstacle

follows the host.

For an oncoming vehicle on the lane used temporarily

by the host vehicle to accomplish the overtaking maneuver,

(1) can be used as a potentially active boundary. When the

host vehicle reaches the lane of the oncoming vehicle, the

boundary is active. When the host vehicle completely leaves

the lane of the oncoming vehicle, the boundary is inactive.

IV. MOTION PLANNING FRAMEWORK

In this section, planners for long-term longitudinal mo-

tion, short-term lateral motion and trajectory smoothing

are designed. Optimization-based methods perform well in

providing motions with high driving quality, but they are

inefficient in dealing with nonlinear and nonconvex terms.

Search-based approaches are efficient in handling complex

terms, but hard to provide smooth motions. In this section,

search-based and optimization-based methods are combined

to find desirable motions for the long-term rough speed

and short-term trajectory. We first use A* search to find

a rough reference, then formulate a quadratic programming

(QP) optimization problem which can be solved extremely

fast with global minimum.

A. Long-term longitudinal motions

The generic representation described in Section III is used

to plan long-term rough speed via A* search, as is inspired by

[8]. The state of this problem is defined as z = [s, v, t, Iact]
T

,

where t is the time stamp which will increase by Δtl once an

action is applied, and Iact is a vector containing all relevant

activeness indicators within the horizon.

The action is discretized as a set of accelerations a =
[−2,−1, 0, 1] m/s2. Such discretization was used in [8]

which well covered normal actions. When no sequence

of action can be found within the action set to obtain a

collision-free speed profile, the planner will calculate the

minimum constant acceleration or deceleration to avoid

collision, which corresponds to an emergency situation. s
and v are updated by applying a constant acceleration in a

period of sampling time Δtl. Since actions are discretized

and the sampling time is fixed, there will be lots of repeated

states. Thus graph search is applied instead of tree search to

prevent revisiting visited states.

The cost function of A* search basically includes penalty

for accelerations and deviation from the desired speed, which

is expressed as

min
a

Tl/Δtl∑
k=1

w1a (k)
2
+ w2

∣∣v (k)− vd (s (k))
∣∣+ Ic (z (k)) ,

where Ic is a function indicating whether any of the con-

straints related to driving task and collision avoidance is

violated. At each step, if the boundary is active, the collision

avoidance conditions are checked directly. A large cost will

be added to Ic if there is a violation to the boundary. During

forward expansion of the nodes, if the boundary is potentially

active, the planner will check if the switch conditions are

satisfied. When the algorithm expands a node satisfying the

switch condition of a boundary, the indicator will be set as

active or inactive at the current step. Inevitable Collision

States (ICS) in the sense of all active boundaries are used as

a heuristic.

To smooth the reference rough speed profile in the short-

term horizon and reduce the sampling time, we formulate an

optimization problem. Suppose sl (t) is the position provided

by the long-term rough speed planning layer with sampling

time Δtl, and s (t) is the position provided by the short-

term speed smoothing layer with sampling time Δts, where

Δtl = nΔts. Then the optimization problem can be written

as the QP form,

min
s

Ts∑
t=Δts

w1s̈ (t)
2
+ w2

...
s (t)

2
+

Ts∑
t=Δtl

w3 (sl (t)− s (t))
2
,

s.t. Ass ≤ bs,
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where Ts is the short-term preview horizon, s̈ and
...
s are

longitudinal acceleration and jerk, corresponding to the

driving comfort. As and bs are constructed via linear hard

constraints, such as longitudinal acceleration amin ≤ s̈ (t) ≤
amax, and collision avoidance for (1)-(4) by setting v = vi.
An alternative for designing the longitudinal motion planner

can be found in [16].

B. Short-term lateral motions

A simple illustration of the trajectory planner is shown in

Fig. 5. Given the longitudinal positions from the smoothed

speed profile, we can project them on the reference path,

and create points with the same longitudinal positions in a

Frenét Frame with lateral sample interval h. Then an A*

search algorithm is designed with constraints on collision

avoidance to lateral obstacles and feasibility according to

the vehicle kinematics and dynamics.

Suppose qr (t) is the position of the rear axle center of the

vehicle in A* search. e (t) represents the edge connecting the

points qr (t) and qr (t−Δts). The cost for A* search is set

as

min
qr

Ts∑
t=Δts

w1 ‖e (t)‖+ w2 |d (t)|+ Icolli (e (t)) ,

where Icolli is a function to set the cost to be a large value

when lateral collision exists. Then heuristic is “holonomic-

with-obstacles” distance used in [17], which can be calcu-

lated by dynamic programming. The admissibility can be

easily proved and the optimality can be guaranteed.

Fig. 5: Illustration of the A*-based trajectory planner with tight
turns. The turning circle corresponds to the maximum curvature
κmax. When expanding the nodes of the next step, the point with
the minimal cost may be out of the kinematics boundary. Then the
A* algorithm will check the red point on the kinematics boundary,
and it may have the lowest cost. Then the point on the boundary will
be expanded so that the autonomous vehicle can plan a trajectory
with a maximal steering angle.

When the vehicle is making a tight turn such as a U-turn,

it is possible that the minimum cost node under forward

expansion is out of the kinematics boundary of the vehicle.

If so, the A* algorithm will also check the point on the

kinematics boundary, as is shown in Fig. 5. Bicycle model

can also be used as the kinematic model when lateral

acceleration is low [18].

Since time stamps are associated with the each point,

we can also check whether vehicle dynamics limits are

satisfied. G-G diagram (shown in Fig. 6 (a)) is widely

used for the high-level control of racing cars [19] to push

Fig. 6: (a) illustrates of G-G diagram. The circle corresponds to
tire friction circle, and the blue line which bounds the maximum
longitudinal acceleration corresponds to the engine traction limit.
(b) illustrates the linearized approximation of G-G diagram.

the vehicle dynamics to the limits. When expanding the

node, longitudinal and lateral acceleration can be obtained

and we can check the dynamics feasibility with emergency

maneuvers according to the G-G diagram. More detailed

discussions on kinematic and dynamic vehicle model near

limits can be found in [20].

C. Trajectory smoothing

Finally, the trajectory smoothing for the autonomous vehi-

cles can be formulated as a QP problem. The motion repre-

sentation can be found in Figure 7 (a). q (t) = [x (t) y (t)]
T

is the position vector of the rear axle center of the vehicle

at time step t. The velocity, acceleration and jerk q̇, q̈ and
...
q can be obtained via backward differences, and yaw angle

φ (t) = arctan ẏ (t)/ẋ (t).

Fig. 7: (a) Motion representation of the QP problem. (b) Lineariza-
tion of lateral obstacle avoidance constraints: the rough trajectory
obtained from A* provides the rough position and yaw angle at each
time step, from which we draw the rough vehicle body represented
by a rectangle. We first draw two lines (red dashed lines) which
are perpendicular to the rough direction with specific margin to the
vehicle body. Then obstacles in the area between the two lines are
considered as lateral obstacles at the current time step. Then the
boundary line (blue solid line), which is parallel to the direction,
is pushed as far as possible until it hits the obstacle. Then the
boundary line can be used as a linearized safety constraints for
lateral obstacles.

By taking into account the driving comfort and position

error to the rough trajectory as the objective of optimization,

the QP problem can be written as

min
q

Ts∑
t=Δts

w1‖q̈ (t)‖
2
+ w2‖

...
q (t)‖

2
+ w3 ‖qr (t)− q (t)‖

2
,

s.t. Aq ≤ b,

where A and b are constructed via linear hard constraints.

The linearized constraints can be found in Section IV-A for
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longitudinal obstacles and in Fig. 7 (b) for lateral obstacles.

Given the rough direction of the vehicle, boundaries for

vehicle dynamics can be constructed with linearized G-G

diagram shown in Fig. 6 (b).

V. ILLUSTRATIVE EXAMPLES

In this section, exemplar use cases are shown to illustrate

the performance of the proposed generic representation and

motion planning framework. Scenario 0 is not necessarily

practical in real world, but involves all the three topological

elements in one planning horizon to explain how the generic

environmental representation works (without planning re-

sults). Scenario 1 is a practical lane change scenario with a

pedestrian to yield, which contains two topological elements

to test the planning capability of the proposed framework.

Scenario 2 is an extreme case to test the capability of the

proposed framework to handle emergency situations. When

running the algorithm in python on a laptop with Intel Core

i7-6600U 2.6 GHz CPU, the runtime corresponding to the

worst case can be bounded within 0.2 s with Tl = 10 s, and

0.1 s with Tl = 9 s. Particularly, the A* search for rough

speed profile dominated the runtime.

A. Scenario 0

An exemplar scenario in Fig. 8 to explain how the en-

vironmental representation works. The environmental repre-

sentation in the position-time domain is shown in Fig. 9,

in which Tl is the long-term planning horizon. Note that in

order to represent the boundaries in Eq. (3) and (4) in the

position-time domain, the speed of the host vehicle in Eq.

(3) and (4) is set to be v = vi. Note that it is not the real

speed of the host vehicle.

Fig. 8: A complicated exemplar scenario: the task of the host
autonomous vehicle V0 (red) is to overtake V1 (blue) in front,
return to the original lane to avoid the oncoming V2 (purple) in the
opposite lane, and then to follow the V3 (green) that is merging
into the lane from a ramp junction. V0 does not have to yield to
the pedestrian P4 since it is relatively far away from the crosswalk.

The activeness indicators of the boundaries corresponding

to P4 (point-overlap) and V3 (line-overlap), namely Iact
4

and

Iact
3

, are active within specific time periods (represented by

solid lines). The indicators of the boundaries corresponding

to V1 and V2 (undecided-overlap), Iact
f1 , Iact

g1 and Iact
2

, are

potentially active (represented by dashed lines). Given a

rough speed profile of V0 (speed profile candidates in search-

based algorithms), the active range of boundaries of V1 and

V2 can be determined. Before te
f1, V0 follows V1 and Iact

f1

is active. Between te
f1 and ts

g1, V1 should be on the right

side of V0, and V1 can be regarded as a lateral obstacle.

After ts
g1, V0 merges into the original lane, and V1 can be

Fig. 9: Environmental representation in position-time domain

regarded as a longitudinal obstacle behind. Iact
g1 is active to

achieve a safe and courteous cut-in, and it should be inactive

after V0 is completely on the target lane (te
g1). Between te

f1

and te
g1, Iact

f2 is active since V0 is on the lane of V2, which

decides ts
2

and te
2
.

B. Scenario 1

The first practical scenario that we used for the proposed

planning framework was a challenging lane change with

pedestrian yielding shown in Fig. 10. The parameter settings

were as follows. The long-term preview horizon for rough

speed profile planning was Tl = 10 s, and the sampling time

was Δtl = 1 s. The short-term preview horizon for speed

profile smoothing and trajectory planning was Ts = 5 s, and

the sampling time was Δts = 1/3 s. Lateral position sample

interval h = 0.25 m. A rectangle was used to represent the

vehicle body. vlimit = 10 m/s and κmax = 0.2 m−1.

Fig. 10: The task planner required the host autonomous vehicle (V0)
to merge to the target lane on the left ahead of a vehicle on that lane
(V1), which is relatively slow (5 m/s). Before completing the lane
change, V0 had to follow a vehicle on its lane (V2), which is quite
slow (3 m/s). Also, a pedestrian (P3) approached the crosswalk to
cross the street, and V0 had to yield to the pedestrian.

Fig. 11 reveals the boundaries for rough speed profile

planning and the distance traveled by V0 over time with

the planned rough speed profile. The activeness indicators of

the boundaries corresponding to P3 (point-overlap), Iact
3

, was

active within specific time periods (represented by solid cyan

lines). When the rough speed profile of V0 is not planned,

the indicators of the boundaries corresponding to V1 and

V2 (undecided-overlap), Iact
1

and Iact
2

, are potentially active

(represented by blue and green dashed lines, respectively).

We used the planning framework described in Section

and IV-A to plan a rough speed profile for V0 (the solid

red curve), and the active range of boundaries of V1 and

V2 can be determined. At first, the boundary for following

V2, f2 ≤ 0, remained active. V0 accelerated to reach the
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boundary for overtaking V1, namely, g1 ≤ 0. When V0

reached the potentially active boundary, Iact
1

is active. When

the range was enough for V0 to accomplish a relatively cour-

teous cut-in, V1 can be regarded as a longitudinal obstacle

behind and Iact
1

is inactive. Moreover, when approaching

the crosswalk, V0 tended to make a relatively sharp brake

first and accelerate when the pedestrian had not completely

left the conflict zone. The reason was that such maneuver

maximized the time-efficiency of V0 so that it could maintain

higher speed which was closer to the desirable speed.
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Fig. 11: Rough speed profile and boundaries

The rough speed profile helped the trajectory planner

determine whether an obstacle should be a longitudinal or

lateral obstacle at each time step. When Iact
1

is active, V1

was regarded as a longitudinal obstacle behind V0. Before

that, V1 was a lateral obstacle on the left; after that, V1

was no longer considered. When Iact
2

is active, V2 was a

longitudinal obstacle to follow. After that, V2 was a lateral

obstacle on the right.
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Fig. 12: Planned trajectories

Given the long-term speed profile, the A* search obtained

a rough trajectory, and QP smoothened it to get the final

trajectory. The trajectories obtained by A* and QP at time

t = 5 s for a short-term horizon Ts = 5 s were compared in

Fig. 12. As is demonstrated by the figure, the rough trajectory

generated by A* provided a fairly good reference, and QP

locally smoothened the trajectory to make it comfortable.

Fig. 12 also demonstrated the relationship of the motions of

V0, V1 and V2 within the preview horizon. The three vehi-

cles were marked with the same color at three representative

time steps (yellow for t = 6.66 s, purple for t = 7.66, and

cyan for t = 9 s). During t = 6.66 − 9 s, the boundary of

V1 is active, which means that V0 reached the target lane at

t = 6.66 s, and became the front vehicle of V1 at t = 9 s.

C. Scenario 2

The second practical scenario considered an emergency

maneuver at a two-way-stop intersection as is shown in Fig.

13. The parameter settings were the same as Section V-B, and

acceleration limits were amax = 2.5 m/s2 and amin = −7
m/s2.

Fig. 13: Illustration of the second exemplar scenario: the host au-
tonomous vehicle V0 (red) was passing a two-way-stop intersection,
following V1 (green) and holding the right of way against any
vehicle from the perpendicular cross street controlled by a stop sign.
Deep blue cars, including V3, were all static obstacles. V2 (blue)
was violating the stop sign with a relatively high speed. Since the
parked cars blocked the view of V0, it cannot see V2 until it was
too late to apply emergency braking. V0 had to accelerate to avoid
being hit by V2. However, V3 temporarily blocked the lane and V1

had to slow down and come to a stop. Also, there were oncoming
vehicles V4 and V5. Hence, V0 had to swerve to the parking lane
on the right side to maneuver around. When reaching the parking
lane, it had to slow down immediately to come a stop after escaping
the conflict with V2.
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Fig. 14: Rough speed profile and boundaries

When applying the method in Section IV-A, no feasible so-

lution can be found within the set of acceleration. Therefore,

the rough speed planner resorted to plan a course of collision-

free motions with a combination of constant acceleration and

deceleration within amax and amin. Fig. 14 reveals that it is

impossible to apply emergency stop to make the distance

under the lower blue bound created by V2. Therefore, it

has to accelerate to pass the upper blue bound. Fig. 15
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Fig. 15: Planned trajectories

demonstrates the trajectories generated by A* and QP, which

reveals the performance of the planner to generate safe and

feasible trajectories under an emergency situation. The three

vehicles were marked with the same color at representative

time steps (yellow for t = 1.33 s and cyan for t = 2.33 s).

VI. CONCLUSION

A spatially-partitioned environmental representation and

planning architecture was proposed for on-road autonomous

driving in this paper, which can generate safe and feasible

trajectories with high driving qualities when dealing with

a variety of complicated driving scenarios. The planning

framework spatially partitioned longitudinal and lateral mo-

tions instead of path and speed in the temporally-partitioned

architecture. Three topological elements and corresponding

longitudinal boundaries were proposed to compose the repre-

sentation of all types of on-road driving scenarios discussed

in this paper. A* search plus quadratic programming (QP)

planners were designed for long-term longitudinal motions

and short-term trajectory to leverage the advantages of

each method, and the linearization of safety and feasibility

constraints obtained from the proposed methodology. As

was demonstrated in the simulation results, the proposed

planning framework can generate high-quality and collision-

free trajectories in the long term in complicated driving

scenarios and emergency situations.
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